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ABSTRACT
The recent outbreak of the novel coronavirus (COVID-19) has in-
fected millions of citizens worldwide and claimed many lives. This
pandemic has changed human life in many ways, and the research
community is putting efforts to understand these impacts in various
sectors. This paper focuses on its impact on the Chinese market
by analyzing the e-commerce behavioral changes seen at an online
shopping platform before and during the pandemic.We present how
the epidemic affected consumer behaviors via time series analysis.
We find that disruptions in the supply of essential goods needed
during a disaster can be leveraged for epidemic forecasting, and
further design a hierarchical attention learning model to predict the
newly confirmed cases. Experiment results demonstrate that our
predictions outperform existing baselines, which also extends to
the long-term and province-level forecasts. We believe models like
ours contribute to better preparing for future epidemics by gaining
extra time to launch preventive steps.
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1 INTRODUCTION
Infectious diseases such as influenza, SARS, Ebola, and MERS break
out every several years on earth.1 The coronavirus disease 2019
(COVID-19) had a massive breakout in Wuhan during the Spring
Festival in 2020 and later followed by a planetary health emer-
gency.2 Since it is a novel virus, the world is still learning about the
exact transmission types and cures. In China, the disease dynamic
was rapid, i.e., it spread fromWuhan to all regions of China, and be-
came nearly contained over two months. Studying China’s case can
bring insights into how other countries can cope with the pandemic
and how the world can better prepare for future disease [14].
Given vaccine development is still underway, many governments
and the World Health Organization (WHO) have recommended
people to stay at home, to avoid crowded places. According to the
McKinsey report [18], global citizens increased their reliance on
online shopping and delivery of essential goods, compared with
the pre-pandemic time. Under this circumstance, people’s shopping
behaviors are massively changed, and these behavioral changes
characterize the marketing dynamics during this period. Therefore,
it is important to investigate people’s online shopping patterns with
1https://www.who.int/csr/don/archive/year/en/
2https://covid19.who.int/explorer
their dynamics, which assists to better understand such a sudden
and uncertain epidemic. Moreover, it could be beneficial to evaluate
and predict the epidemic development, leveraging the information
of people’s shopping behaviors.
This paper conducts extensive analysis of the online shopping
trends before and during the COVID-19 epidemic seen at a popular
e-commerce platform Beidian,3 with the hope of understanding the
impact of such an immediate risk on the market and finding out the
disruptions in product supplies. First, we examine which products
increase in sales (while discounting the repeated seasonal variation),
to gain insights on how e-commerce and households can better
prepare for a future pandemic. Second, we model user actions by
comparing browsing, searching, and purchasing activities, which
reveals the intricate relationship between supply and demand for
essential goods. Third, we use time-lagged cross-correlation to ana-
lyze the relationship between epidemic development and consumer
behaviors at the product-level. We find that the relevance to the
COVID-19 and the type of behavior influence the behavioral re-
sponse to the epidemic. All these capture the patterns and reveal
the key insights about how people respond to the epidemic and the
disruption in the Chinese E-commerce during COVID-19.
Based on these observations, we design a Hierarchical Attention
and Multi-channel learning model (HAM) to predict the epidemic
in terms of newly confirmed cases. The model utilizes consumers’
behaviors on typical related products, and captures the disruptions
in the supply of essential goods by considering different types of
behaviors. Experiments show that HAM significantly outperforms
the baseline models that only use the historical development of the
COVID-19 epidemic to predict the future. To uncover the attention
mechanism of HAM, we look into the attention weight and ana-
lyze the relative importance of different products and behaviors,
which provides meaningful insights to study the epidemic with
online shopping behaviors. Moreover, we make regional and long-
term predictions, which further verify the effectiveness of proposed
model. In summary, our main contributions are as follows:
(1) We operationalize a dataset of people’s online shopping be-
haviors during the COVID-19 epidemic, and its multiple fea-
tures characterize the marketing change during this period.
The dataset will be opened upon the paper acceptance.
(2) We investigate the changes of different online shopping be-
haviors, including purchasing, browsing, and searching on
3https://www.beidian.com/
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the platform, and find out the interplay between the COVID-
19 epidemic and consumers’ behaviors.
(3) We conduct a time-lagged cross-correlation analysis between
behavioral sequence and epidemic development, which finds
insightful patterns in different behavioral types of different
products, and quantifies the epidemic’s influence on people’s
online shopping behaviors.
(4) We design a hierarchical, attention-basedmulti-channel learn-
ing model to predict newly confirmed cases, and extensive
experiment results of regional and long-term predictions
demonstrate the effectiveness of our model.
2 RELATEDWORK
Real-time epidemic forecasting has received extensive attentions.
Mathematical epidemiology proposed the SEIR model to consider
the dynamic state transition between susceptible (S), exposed (E),
infected (I), and recovered (R) [26]. Some research use statistical
models for flu forecasting [2, 17]. Recently, machine learning is ap-
plied to produce epidemic forecasting [21, 23, 24, 28]. While most of
these works focus on using epidemic data itself to make predictions,
they may fail when dealing with such a sudden and new epidemic.
Therefore, for rapid disease outbreaks, other approaches are pro-
posed by including various other outside data and information.
Google utilizes search query data to improve early detection [19].
Other studies use social media data to predict the epidemic, includ-
ing content analysis of tweets [7, 12], the web for public health
surveillance [3], and text of online social networks [5, 8]. Fewer
efforts are paid to study people’s online shopping behaviors in
the context of epidemics due to the lack of data or scenarios of a
time-concentrated outbreak.
During the outbreak of COVID-19, many researchers have paid
attention on the problems of structural biology [32], genetics [16],
economics [11], policy [14, 27] and trend prediction [9, 13]. Due to
a lack of data, researches on early days utilize the SEIR model to
roughly estimate the outbreak trends in China [4, 34]. Mathemati-
cal epidemiology models are mostly based on static environment
hypothesis, which limits its prediction capability and deep under-
standing. A recent study [13] dynamically updates the parameter
of the SEIR model by combining Bayesian inference to qualify the
effect of interventions. In contrast, we aim to understand the im-
pact of COVID-19 on the Chinese market and leverage both the
epidemic-related and behavior-related information to forecast the
pandemic development.
3 DATA
The market data is from Beidian, one of the largest e-commerce
platforms in China, with 3.44 million monthly userbases. Beidian
is a comprehensive online shopping platform that serves products
in two thousand categories. In this paper, we look into three main
types of shopping actions: (1) searching by category or keyword,
(2) browsing the details of a product, and (3) purchasing specific
items. The company provided behavioral data, and all analyses were
conducted in aggregate levels in consideration of user privacy.
Table 1 displays the summary of the data statistics. The data
span the period from Jan 1, 2019 to Apr 30, 2020. Later we examine
the shopping patterns at the level of products and provinces before
and during the pandemic, while we note that the city of Wuhan
had been on lockdown since Jan 23, 2020. Some other cities in the
Hubei region also faced restricted access, which limits the offline
delivery and consequent the online shopping behavior. Therefore,
we exclude all data corresponding to the Hubei province to make
the research more consistent.
Statistics Users Products Purchase Browse Search
Value (M) 18.6 0.55 190.7 8,285.6 1,318.6
Table 1: Summary of the Beidian e-commerce dataset from
2019/01/01 to 2020/04/30, where units are in millions.
In addition to the market data, we also crawled the data of daily
confirmed cases from the COVID-19 dashboard by the Center for
Systems Science and Engineering at Johns Hopkins University.4
Data before Jan 22, 2020 is collected from the official reports of
the Nation Health Commission of China.5 Combining these three
datasets of online shopping behaviors from an e-commerce platform
and daily confirmed cases, we analyze how COVID-19 epidemic
affects consumer behaviors.
Given these pattern analysis, we further study the epidemic
forecasting problem, i.e., given the historical records of human
online shopping behaviors and epidemic spreading data, predict
the number of newly confirmed cases in the future.
4 MARKET CHARACTERIZATION
4.1 Patterns of Online Behavior
Upon the panic caused by COVID-19, demands on certain health-
related products such as masks, disinfectant, and hand sanitizers
increased rapidly, leading to these items being even sold out.6 Re-
ports also note that the demand for other products such as luxury
goods had reduced in contrast [15]. To measure the degree to which
the popularity of products change over a given tie period, we define
the relative popularity (RP ) as follows:
RP(c, t) = log10
ranking(c, t0)
ranking(c, t) , (1)
where c is a product category and ranking(c, t ) is the popularity
ranking of product category c on time t , while t0 is the starting
point of the entire observed period.
This measurement can compare the dynamic changing of differ-
ent products’ popularity in a fair way by focusing on the relative
rank changes. It can also examine the comparison against the non-
epidemic period. Figure 1 presents representative products with
high or low RP .7 To further look into the impact of the epidemic,
Figure 2 present the dynamic RP during this period. From these re-
sults, we can observe that epidemic-related products such as masks,
disinfectants, hand sanitizers, and thermometers, have significantly
higher RP values. Besides, daily necessities (face towel, wet tissue,
and disposable utensils), products for indoor consumption (online
courses and online top-up), and promotional products (accessories,
4https://github.com/CSSEGISandData/COVID-19
5http://www.nhc.gov.cn/
6http://www.xinhuanet.com/english/2020-01/20/c_138721785.htm
7See Appendix A for the list of top-20 and bottom-20 products.
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more popular
less popular
Figure 1: Representative products with the highest popular-
ity variation during the epidemic period.
mango, root vegetables) also reach high RP scores (see Table 5 in
the Appendix).
On the other hand, winter clothings (e.g., cotton clothes, boots,
and down jackets), beverages (e.g., flavored milk and yogurt), fes-
tival supplies (e.g., snacks, Chinese wine, red packets) that were
largely consumed during the spring festival period, become much
less prevalent due to the COVID-19 effect (see Table 6 in the Appen-
dix). To better look into the changing trend of popularity, Figure 2
presents the relative weekly popularity from the first week of 2020
till early-March. The relative popularity of most demanded prod-
ucts such as masks and disinfectants increases to more than 2.0,
representing several hundred times of popularity increase. Due to
some news related to anti-epidemic in online social media, products
such as vitamins are also highly demanded. As people rely more
on disposable utensils, in contrast, normal utensils become less
popular.
The popularity of the product also has a seasonal variation. The
breaking out of COVID-19 is just around the Chinese New Year
when usually most people are back to hometown for a one week va-
cation. Since it also influences the shopping behavior, we compare
the dynamic changing of product popularity in 2019 during the
same period (the dashed lines in Figure 2). We observe that the prod-
ucts with more popularity during the epidemic have quite different
patterns between the two years (see their ranking differences), fur-
ther indicating the disruption from the epidemic. Unlikely, products
such as snacks and winter clothing, which become less prevalent
during the epidemic period, show similar trends in 2019. Thus, the
reducing popularity may mostly due to the seasonal effect of the
Chinese New Year. Nonetheless, the reduction is heavier, e.g., fla-
vored milk, indicating people reduced unnecessary cost during the
epidemic period.
These above popularity variations are also different in action
types, i.e., browsing, searching, and purchasing, by category. For
example, the masks are usually sold out during the first few weeks
of epidemics. Thus the number of purchases relies on the supply
amount (e.g., Jan. 27 in Figure 2(a)). However, shoppers are still able
to search and browse such products. Thus, the ranking of masks in
Figure 2(c) and 2(e) does not drop as much.
To further examine such differences among these three shop-
ping actions, we present the weekly number of records on specific
categories in Figure 3. In most cases, shoppers are browsing ten
times more than searching and purchasing. Thus we decuple the
records of searching and purchasing. To observe the impact of the
COVID-19 epidemic, we also present the weekly confirmed cases.
Usually, on the same kind of products, the ratio of three actions is
approximately steady across time, such as mixed nuts in Figure 3(d).
Due to the epidemic, the browsing and purchasing of masks are
approximately synchronized, while searching behavior remains
across the whole epidemic period (Figure 3(a)). Such a phenomenon
is also observed on disinfectants (Figure 3(b)), as it is not highly
required before. On the other hand, as a kind of daily necessities,
hand sanitizers are more widely available, and the three actions’
pattern is different from either masks or milk. These results also
present that these products are highly demanded in a different
period, compared with the seriousness of the epidemic.
To summarize, we observe that people’s online shopping pref-
erences on a series of products, such as disinfectants, significantly
disrupted during the epidemic period. While less popular products
such as clothing may also refer to seasonal effects, the epidemic
highly raises shoppers’ demand on related products such as protec-
tion supplies (e.g., masks), sanitation supplies (e.g., disinfectants),
health care products (e.g., vitamins) and online services (e.g. online
courses, disposable supplies). These effects are specific in browsing,
searching, and purchasing, which respond to the seriousness of the
epidemic relevantly but differently.
4.2 Correlation Between Behaviors & Epidemic
As online shopping behaviors are significantly influenced during
the period of the epidemic, we further investigate the correlations
between the behavioral response and epidemic spreading to quan-
tify the correlations between the two time series. The above analysis
results show that the dependency of online behaviors on epidemic
development is not instantaneous, which means behaviors respond
to epidemic after a certain lapse of time. Therefore, to mining more
explanatory factors, we calculate the lagged correlation between
the two sequences with time-lagged cross-correlation (TLCC) [30],
which quantifies the correlation between two non-stationary time
series at different time scales. Considering the dynamic correlations,
we use a rolling window to analyze different periods. Specifically,
each window is 21 days long, and the lagged time is set from 0 to
6 days between the two series. Figure 4 and Figure 5 present the
results of TLCC of selected products in terms of different categories
and behaviors, where the y-axis represents the offset that behav-
ioral response falls behind the epidemic spreading, and the blue to
red color represents the Pearson correlation coefficient from low to
high at the offset.
The results show that the correlation between shopping behav-
ioral and epidemic sequences is different across rolling time win-
dows, and there exist several days’ lag for online behaviors. For
example, From Figure 4(b) showing the correlation between the
purchasing behavior of hand sanitizer and epidemic development,
we find that at the beginning of COVID-19, the purchasing behavior
on hand sanitizer shows a week’s lagged response to the epidemic.
As time goes by, the lagged effect is decreased, implying that the
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(a) Purchasing (week scale) (b) Purchasing (week scale)
(c) Browsing (week scale) (d) Browsing (week scale)
(e) Searching (week scale) (f) Searching (week scale)
Figure 2: Weekly popularity dynamics during the COVID-19 period. Most products in panels (a), (c), and (e) are increasing in
their relative popularity ranking, whereas most products in panels (b), (d), and (f) show decreasing popularity ranks.
behavior pattern becomes more similar to epidemic development.
The number of newly confirmed cases begins to drop on February
8, and we observe that the positive relationship becomes weak and
begins to show a negative correlation between the two series, im-
plying that hand sanitizer still has high popularity. At the end of
time windows, the lagged positive correlation appears again, which
shows people have lagged vigilance reduction.
Moreover, we can observe that the correlation varies across differ-
ent product categories. From Figure 4, we find that the purchase be-
havior of many COVID-19 related products, including disinfectant
(Figure 4(a)), hand sanitizer (Figure 4(b)), and vitamin (Figure 4(c)),
show strong correlations with confirmed cases at the beginning of
the epidemic. Compared with the result of disinfectant, which is
demanded more during the pandemic, the strong correlations of
the other two products last for a shorter time. In February, hand
sanitizer and vitamin are observed to have almost no correlation
with the epidemic, suggesting that they are not relevant with the
epidemic as closely as the disinfectant.
The action types of browsing, searching, and purchasing show
different correlation results in some product categories, and the
mask is the typical example. From Figure 5, we can observe that
the browsing behavior of the mask is more consistent with the
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(a) Masks (week scale) (b) Disinfectants (week scale)
(c) Hand sanitizers (week scale) (d) Mixed nuts (week scale)
Figure 3: Weekly records of browsing, searching and purchasing on different kinds of products.
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(a) Disinfectants
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(b) Hand sanitizers
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(c) Vitamins
Figure 4: Time-lagged cross-correlation results of different products with a rolling timewindow. The color denotes the Pearson
correlation coefficient between the two-time series of corresponding behavior and newly confirmed cases.
development of the epidemic compared with purchasing behav-
ior (see Figure 5(a) and Figure 5(b)). Considering that the supply
amount influences the number of purchases, the different correla-
tions of purchasing behavior suggests a mask shortage. Besides, in
Figure 5(c), searching actions show a negative correlation in the
late period, during which it is a decreasing trend of the newly con-
firmed cases. It indicates that people are still searching for masks
though the epidemic is taking a turn for better. On the contrary,
for some products, action types show similar correlation results,
especially for those dropping during the epidemic, such as snacks
and clothing. It is probably because the supplies of these products
are not affected by the epidemic.
In summary, dynamic correlations exist between the online shop-
ping behaviors and epidemic development. We find that behaviors
respond to the epidemic in a lagged manner. The relevance to the
COVID-19 influences the results of different products and the ac-
tion types are affected by product availability in the meantime. All
these patterns and observations help us to design an accurate and
explainable predictor for epidemic forecasting.
5 PREDICTION AND EVALUATIONS
5.1 Prediction Model Design
The above analysis of online shopping behaviors indicates that
the COVID-19 epidemic has an impact on product popularity and
behavioral patterns. For example, different behavioral patterns of
purchasing and searching of facial masks suggest that the COVID-
19 disrupts the supply of essential goods. Besides, the analysis
shows a high correlation between the behavioral and epidemic
sequences. These together suggest that consumers’ behaviors are
closely connected with the epidemic development, which provides
insights to leverage them for predictions.
In order to use both the online shopping behaviors and epidemic
spreading to predict the confirmed cases, we design a Hierarchical
Attention and Multi-channel learning model, HAM for short, to
solve the problem of epidemic forecasting. To predict the newly
confirmed cases of the day t , we use the data of daily confirmed
cases and behaviors. Specifically, we use three types of behavior,
including purchasing, browsing and searching of typical related
Preprint, July 22, 2020, ArXiv Yuan et al.
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(a) Purchasing on masks
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(b) Browsing on masks
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(c) Searching on masks
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(d) Purchasing on snacks
Figure 5: Time-lagged cross-correlation results of different
behaviors with a rolling time window. The results of pur-
chasing and browsing behaviors on snacks are shown in Ap-
pendix C, which are similar to Figure 5(d).
products, which generate a time series for each type of behavior.
Note that we incorporate three types of behaviors that each be-
havior has its time series, where each value represents the number
of records of the behavior by the product. The epidemic sequence
consists of daily confirmed cases. The overall architecture of our
proposed model is shown in Figure 6. The model is based on the
LSTM network, which is widely used in processing sequential data.
Specifically, we design multi-channel LSTM networks to extract the
information of different time series, respectively. Besides, we design
a hierarchical attention mechanism to re-weight the importance of
different products and behavior types for the forecasting.
LSTM
LSTM
LSTM
attention
different
products
attention
purchase
browse
search
attention
LSTM
C
oncate
M
LP
epidemic
𝑦
y#
Figure 6: The overall architecture of our proposed model
HAM with the designed hierarchical attention and multi-
channel learning components.
Considering the four types of sequential data, including three
behavioral sequences and an epidemic sequence, we use four LSTM
networks to extract the structure information, respectively. The
times series can be divided into two parts. First, we use three
LSTM networks to receive the behavior-related data and obtain
the relevant result. Second, we apply a single LSTM network to
the epidemic-related data to extract the information of COVID-19.
In the first part, each LSTM network receives the input data from
one behavior type. With the obtained results of these two parts,
we concatenate the outputs together and pass it through two fully
connected layers to make the final prediction.
The analysis in Section 4 shows that COVID-19 affects prod-
ucts and behaviors with different intensity. Therefore, we design a
hierarchical attention mechanism to take this effect into account.
Before the behavioral sequences are fed into the multi-channel
LSTM networks, we apply a Bahdanau-style attention [1], which
uses a randomly initialized and learnable context vector as the
query, to aggregate different products. After that, the LSTM net-
works encode the three sequences into hidden states. Considering
that each behavior has a different impact on the prediction results,
we re-weight the importance of each behavior with another atten-
tion layer and calculate the weighted sum of the hidden states as
the result of behavioral output.
5.2 Performance Evaluations
We compare our model with baselines of traditional machine learn-
ing algorithms, including Linear Regression [33], Lasso regres-
sion [31], Ridge regression [20], Elastic Net [22] and XGBoost [6].
To compare these models equally, we use the features of time series
as input for model training. Note that we reshape the sequential
data to a one-dimensional feature vector by concatenating the data
of different timesteps. We also compare HAM with time series fore-
casting models, including ARIMA [10] and LSTM [25]. Note that we
only use the historical data of the epidemic for the ARIMA model,
and concatenate the four types of time series into a single sequence,
which is the input of LSTM.
We evaluate the performance of prediction with metrics that are
widely used in regression tasks, including Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and Normalized Root
Mean Square Error (NRMSE) [29], which are defined in Appendix B.
In our experiments, we use the data from 2020/01/16 to 2020/03/15,
which covers the development of the COVID-19 epidemic. We use
historical records of [t−7, t−1] to predict the newly confirmed cases
at t . For behavioral input, We consider the top-10 products with
the highest relative popularity. We split the data into the training
and testing sets by 3:1 according to time. The hidden size of LSTM
is fixed as 4. We train the model parameters with Adam optimizer
regularized by early stop and set the mini-batch size as 20. The
learning rate is initialized as 1e-2 and we reduce it dynamically by
0.1.
Model MAE RMSE NRMSE
Linear Regression 34.2 44.2 1.76
Lasso Regression 36.6 49.7 1.99
Ridge Regression 33.9 43.9 1.75
Elastic Net 25.1 29.7 1.19
XGBoost 8.8 11.6 0.46
ARIMA 8.4 9.4 0.38
LSTM 6.4 9.1 0.37
HAM 6.1 8.6 0.34
Table 2: Performance of HAM compared to baselines.
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Model ProvincesBeijing Shanxi Shaanxi Jilin Zhejiang Jiangsu Shanghai Sichuan Hunan Henan
Linear Regression 5.80 0.555 0.751 0.432 4.61 2.09 2.97 1.61 2.64 3.49
Lasso Regression 6.34 0.404 1.88 0.817 4.60 0.78 1.97 2.91 2.43 2.31
Ridge Regression 5.79 0.555 0.751 0.432 4.62 2.10 2.96 1.60 2.64 3.50
Elastic Net 2.95 1.34 2.00 1.15 5.30 3.71 2.54 3.19 3.51 7.00
XGBoost 2.57 0.233 0.254 0.547 3.66 0.220 2.01 0.520 0.412 0.33
ARIMA 3.28 0.195 0.422 0.552 2.54 0.225 0.906 1.38 0.817 1.70
LSTM 2.18 0.425 0.174 0.519 3.75 0.223 2.12 0.261 0.049 0.260
Ours (HAM) 2.13 0.013 0.168 0.385 3.66 0.079 2.01 0.249 0.009 0.257
Table 3: The RMSE performance of baseline methods and our model measured in ten representative provinces in China.
5.2.1 Overall Performance. Table 2 shows the prediction perfor-
mance of HAM with the baselines in terms of MAE, RMSE and
NRMSE. From the results, we can observe that the regularized lin-
ear models have poor performances, and XGBoost improves the
performance of prediction significantly. These results illustrate the
complex relationship between the features and the predicted tar-
get. Besides, the results of ARIMA and LSTM show the advantage
of the time series modeling in the epidemic forecasting task. It is
observed that the HAM model achieves the best performance over
baselines in terms of the three evaluation metrics. Compared with
ARIMA that predicts the future development with only historical
epidemic records, our method improves the performance by 27.38%,
8.51%, and 10.53% in terms of MAE, RMSE, and NRMSE, respec-
tively. In addition, it outperforms the best baseline of LSTM by
4.68%, 5.49%, and 8.11% in MAE, RMSE, and NRMSE, which further
demonstrates its effectiveness. The multi-channel LSTM captures
the characteristics of different time series. By leveraging hierarchi-
cal attention, the model considers different impacts on products and
behaviors. Therefore, the proposed model is a promising solution
for multivariate time series forecasting.
The results of our HAMmodel is also interpretable. By exploring
the attention weight obtained from the model, we can investigate
the importance of product categories and behavioral types that has
the highest relation to COVID-19 confirmed cases. Figure 7 shows
the result of attention weight of top-10 products and Figure 8 shows
the result of different behavioral types.
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Figure 7: Attention weight on products.
From Figure 7, we observe that masks, disinfectant and hand san-
itizer receive relatively more attention, which is consistent with our
intuitions that they are representative products in the COVID-19
epidemic. Besides, online courses for children, due to the lockdown,
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Figure 8: Attention weight on different types of behaviors.
also have higher attention weight. In addition, daily necessities
receive much attention, as most people prefer to stay at home. In
contrast, jewelry and accessories, which are less correlated to the
epidemic, have lower attention weights. Figure 8 indicates that
the three types of behaviors have different impacts on the fore-
casting process. Searching behavior is paid much more attention,
suggesting that it is necessary to consider diverse behavior types in
particular periods. The product supplies are likely to be influenced
during the epidemic, which may give rise to glitchy patterns of
purchasing behavior. The comparison between searching and pur-
chasing indicates the disruption in the e-commerce, that the supply
of essential goods cannot meet people’s demands. In summary, the
designed attention mechanism can automatically learn the relative
importance of products and behaviors, which enables the utilization
of essential features for predictions.
5.2.2 Regional and Long-term Forecasting. Now we predict the
newly confirmed cases at the province-level to validate the utility
and robustness of the proposed HAM model. Specifically, we select
ten provinces, considering the distance from Hubei and the number
of confirmed cases, which are representative of China provinces
to a certain degree. Beijing is the capital of China, Shanxi and
Shaanxi are in the northwest of China, Jilin is in the northeast of
China, Zhejiang, Jiangsu and Shanghai is in the southeast of China,
and Sichuan is in the southwest of China. Besides, we choose two
provinces, Hunan and Henan, which are neighborhoods of Hubei.
We train each province-specific network with its own confirmed
cases and behavioral data. Table 3 shows the RMSE result of regional
forecasting. It is observed that our model still outperforms baseline
methods in most cases.
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Model MAE2 3 5 7 10 14
Linear Regression 49.4 69.8 130.5 246.5 452.5 759.6
Lasso Regression 98.7 207.7 454.8 860.7 1633.9 2208.0
Ridge Regression 45.3 68.2 122.8 236.2 451.8 771.6
Elastic Net 32.1 63.6 169.3 331.3 673.4 1345.8
XGBoost 18.7 29.5 53.7 84.0 152.1 287.1
ARIMA 84.0 114.7 179.6 268.9 425.3 635.3
LSTM 12.5 21.8 27.0 47.6 93.5 214.2
HAM 9.7 12.4 15.8 25.6 62.1 126.8
Table 4: TheMAE performance of baseline methods and our
model measured at different term scales of prediction. The
number from 2 to 14 means forecasting the result of the fol-
lowing n days.
To validate whether our model can be applied to longer-term
forecasting, we conduct experiments and predict the following
n(n > 1), days. We choose n ∈ {2, 3, 5, 7, 10, 14} to validate the
performance of the HAMmodel, and the obtained results are shown
in Table 4. Ourmodel outperforms the best baselines by a substantial
margin over different prediction scales. Besides, we observe that
forecasting the next week has the lowest daily MAE. Moreover,
the relative improvement of performance over the best baseline
increases for longer-term forecasting.
To summarize, all the above results verify that our proposed
HAM model can be applied to long-term forecasts and regional
forecasts, which is crucial and meaningful in the period of epidemic.
Overall, our model can improve forecasting performance effectively,
no matter the historical records of time series are sparse or dense,
no matter how many days are required to forecast, which shows
that the proposed method is powerful and general.
6 CONCLUSION
The COVID-19 epidemic influences people’s online shopping behav-
iors. In this paper, we conduct extensive data analysis to investigate
how people’s online shopping behaviors respond to the epidemic
and discover different behavioral patterns. We find out the disrup-
tion in the supply of essential goods in this period, which results in
different behavioral patterns. Therefore, we incorporate behavioral
data into epidemic forecasting and design hierarchical attention
and multi-channel learning model to predict newly confirmed cases.
The model achieves better performance compared with the state-
of-art baselines. Besides, we make regional forecasts and long-term
forecasts that validate the utility of the model, demonstrating that
it is a promising model for epidemic forecasting.
Furthermore, we analyze the attention weight, which uncovers
the relative importance of different categories and behaviors. Our
work provides insights for leveraging behavioral data in epidemic
forecasting, and it could be further extended, for example, combin-
ing other modality of data to assist prediction, and we leave it as
future work.
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A LIST OF PRODUCTS THAT ARE HIGHLY
AFFECTED BY COVID-19
Table 5 and Table 6 describe the top-20 and bottom-20 products
with their highest and lowest relative popularity. Note that COVID-
19 related products disrupted e-commerce purchasing, browsing,
and searching behavior during epidemics. As we saw in Figure 2
and Figure 3, the relative ranking RP(c, t) of COVID-19 related
products became very high at the end of January. Especially in
the peak period, the corresponding absolute ranking of masks,
disinfectants, daily necessities, and hand sanitizers were very high
among thousands of items in the Beidian platform, top-1 during
the week of Jan 20, top-2 during the week of Feb 3, top-1 during
the week of Jan 27, top-8 during the week of Jan 27, respectively.
B EVALUATION METRICS
The used metrics, MAE, RMSE and NRMSE in the paper, can be
formulated as follows:
MAE(y, yˆ) = 1
N
N∑
i
|yi − yˆi | ,
RMSE(y, yˆ) =
√√
1
N
N∑
i
(yi − yˆi )2,
NRMSE(y, yˆ) = RMSE (y, yˆ)
ymax − ymin ,
(2)
where N is the number of test samples, yi , i ∈ [1,N ] represents the
ground truth, and yˆi , i ∈ [1,N ] represents the predicted values.
C ADDITIONAL TLCC RESULTS
Figure 9(a) and Figure 9(b) show the time-lagged cross correlation
results of browsing and searching behaviors on snacks, respectively,
which are similar to that in Figure 5(d). Because the supplies of
these less relevant products are not affected, the behavioral response
towards the epidemic are similar across different action types.
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(a) Browsing on snacks
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(b) Searching on snacks
Figure 9: The TLCC results of searching and browsing behav-
iors on snacks.
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Purchasing Browsing Searching
Product category max
t
RP(c, t) rank.(t0) rank. Peak time rank.(t0) rank. Peak time rank.(t0) rank. Peak time
Masks 2.44 273 1 Jan 20 341 1 Jan 20 253 1 Jan 20
Disinfectants 2.35 448 2 Feb 3 607 2 Feb 3 476 16 Feb 10
Face towels 2.20 943 6 Jan 20 993 14 Jan 20 1234 406 Jan 20
Jewlery 2.19 466 3 Jan 20 398 4 Jan 20 402 9 Jan 20
Accessories 1.95 177 2 Jan 20 180 2 Jan 20 201 3 Jan 20
Mango 1.86 364 5 Mar 2 528 14 Feb 17 805 76 Mar 2
Daily necessities 1.80 63 1 Jan 27 66 3 Jan 27 66 4 Feb 3
Hand sanitizers 1.71 408 8 Jan 27 565 4 Feb 10 427 20 Feb 3
Online courses for children 1.70 602 12 Jan 20 407 59 Jan 20 472 307 Jan 20
Children masks 1.62 784 19 Jan 27 783 45 Jan 27 609 7 Jan 27
Outdoor toys 1.48 573 19 Feb 10 501 25 Feb 10 886 574 Feb 10
Disposable utensils 1.36 530 23 Feb 3 746 37 Feb 3 439 32 Feb 3
Tiny bottle sanitizers 1.33 958 45 Feb 10 745 84 Feb 10 981 972 Feb 17
Top-up for online entertainment 1.32 710 34 Jan 20 711 61 Jan 20 845 258 Jan 20
Thermometers 1.30 575 29 Jan 27 675 31 Jan 27 534 24 Feb 3
Vitamins 1.22 167 10 Jan 27 214 13 Jan 27 205 12 Jan 27
Wet tissue 1.18 46 3 Feb 3 117 3 Feb 3 84 13 Feb 3
Pineapple 1.16 892 62 Feb 24 994 84 Feb 24 1068 110 Feb 24
Children hats, scarves, gloves 1.10 316 25 Jan 20 251 48 Jan 27 132 12 Jan 20
Root vegetables 1.08 48 4 Feb 24 115 12 Feb 24 168 24 Feb 10
Table 5: Top-20 products with the highest relative popularity. Peak time shows the first day of the week reaching the highest
ranking (i.e. argmin
t
rank.(t)).
Purchasing Browsing Searching
Product category min
t
RP(c, t) rank.(t0) rank. Valley time rank.(t0) rank. Valley time rank.(t0) rank. Valley time
Flavored milk -1.49 7 215 Jan 27 33 266 Jan 27 41 131 Feb 24
Mixed nuts -1.45 4 114 Feb 3 2 91 Feb 3 8 88 Feb 24
Cotton clothes -1.31 32 653 Feb 24 6 404 Mar 2 4 357 Mar 2
Chocolate -1.17 11 164 Feb 10 25 223 Feb 17 37 264 Mar 2
Decorations -1.16 81 1171 Feb 3 203 991 Feb 3 356 895 Feb 24
Chinese wine -1.08 36 429 Feb 17 28 349 Feb 17 30 295 Mar 2
Warming clothes -1.07 29 341 Mar 2 26 264 Mar 2 112 441 Mar 2
Yogurt -1.07 22 260 Jan 27 23 286 Jan 27 48 164 Jan 27
Down jackets -1.07 40 467 Feb 24 1 155 Mar 2 1 101 Mar 2
Boots -1.03 44 477 Feb 24 5 176 Feb 24 3 148 Feb 24
Melon seeds -1.02 19 199 Jan 20 63 261 Jan 27 55 249 Jan 20
Snow boots -0.94 104 918 Feb 24 42 554 Feb 24 69 550 Mar 2
Red packets -0.91 172 1386 Mar 2 145 1377 Mar 2 142 1240 Mar 2
Utensils -0.90 106 844 Feb 3 71 858 Feb 10 683 960 Feb 24
Thermal underwear -0.84 28 194 Feb 24 29 186 Mar 2 20 142 Mar 2
Traditional snacks -0.83 14 94 Jan 27 45 120 Jan 27 27 96 Jan 20
Apples -0.83 3 20 Jan 27 21 79 Jan 27 61 127 Jan 20
Snow boots for mom -0.82 180 1197 Feb 24 99 949 Mar 2 64 769 Mar 2
Couplets -0.81 233 1509 Mar 2 184 1564 Mar 2 268 1538 Mar 2
Oranges -0.76 6 35 Mar 2 34 94 Jan 27 78 218 Jan 27
Table 6: Bottom-20 products with the lowest relative popularity. Valley time represents when to reach the lowest ranking (i.e.
argmax
t
rank.(t)).
